Early regulators of disease may increase understanding of disease mechanisms and serve as markers for presymptomatic diagnosis and treatment. However, early regulators are difficult to identify because patients generally present after they are symptomatic. We hypothesized that early regulators of T cell-associated diseases could be found by identifying upstream transcription factors (TFs) in T cell differentiation and by prioritizing hub TFs that were enriched for disease-associated polymorphisms. A gene regulatory network (GRN) was constructed by time series profiling of the transcriptomes and methylomes of human CD4 + T cells during in vitro differentiation into four helper T cell lineages, in combination with sequence-based TF binding predictions. The TFs GATA3, MAF, and MYB were identified as early regulators and validated by ChIP-seq (chromatin immunoprecipitation sequencing) and small interfering RNA knockdowns. Differential mRNA expression of the TFs and their targets in T cell-associated diseases supports their clinical relevance. To directly test if the TFs were altered early in disease, T cells from patients with two T cell-mediated diseases, multiple sclerosis and seasonal allergic rhinitis, were analyzed. Strikingly, the TFs were differentially expressed during asymptomatic stages of both diseases, whereas their targets showed altered expression during symptomatic stages. This analytical strategy to identify early regulators of disease by combining GRNs with genome-wide association studies may be generally applicable for functional and clinical studies of early disease development.
INTRODUCTION
The ability to predict and prevent disease before it becomes symptomatic could open avenues to more preventative therapies (1) . Such a change would require identification of diagnostic markers for early disease detection. This is a substantial challenge in common diseases like allergy, obesity, cancer, or diabetes, which evolve over years or even decades. To address this challenge, prospective studies of very large cohorts of initially healthy subjects over decades would be needed.
Remarkably, such a study was recently started, with the aim to follow 100,000 subjects for 20 to 30 years and repeatedly analyze multiple potential diagnostic markers to predict disease (1) . However, the identification of such markers is complicated by the involvement of thousands of genes in multiple cell types in different tissues and organs, which may change at different time points of the disease process. Because there is currently limited understanding of evolving disease processes, we will henceforth refer to any regulatory gene that occurs before symptomatic stages as "early."
Here, we hypothesized that early regulators with diagnostic potential in T cell-associated diseases can be systematically inferred by (i) constructing a gene regulatory network (GRN) of T cell differentiation and (ii) prioritizing hub transcription factors (TFs) in that GRN, which are enriched for disease-associated single-nucleotide polymorphisms (SNPs) identified by genome-wide association studies (GWAS).
The background to the hypotheses is previous studies showing that early TFs can be inferred on the basis of their predicted binding sites in the promoter regions of known disease-associated genes. Such approaches have successfully identified driver mutations in cancer and other diseases (2) (3) (4) .
These studies were based on cells from patients with established diseases, or cell lines, which are not representative of early disease processes. In the absence of samples from presymptomatic patients, a GRN should ideally be constructed on the basis of time series analyses of a cellular model of an evolving disease process. Here, we focused on CD4 + T cell-associated diseases and upstream TFs in T cell differentiation. T cell differentiation has a key role in orchestrating immune responses in multiple, highly diverse diseases, including autoimmune and allergic diseases (5) , atherosclerosis (6) , cancer (7) , and obesity (8) .
Thus, we hypothesized that a GRN of T cell differentiation could serve as a model of evolving disease processes in T cell-associated disease to infer early TFs with diagnostic potential for early disease detection (see Fig. 1 for an outline of the study).
RESULTS
Early T H 1/T H 2 TFs were enriched for disease-associated SNPs To identify early TFs of human T cell differentiation, we performed time series expression profiling of naïve CD4 + T cells during differentiation into four major T helper cell (T H ) subsets, namely, T H 1, T H 2, T H 17, and T regs (T regulatory cells) (Fig. 1, step 1) . Samples from four replicate experiments were subjected to gene expression microarray analysis at 0, 6, 24, 72, 144, and 192 hours of in vitro differentiation resulting in a total of 84 transcriptome profiles. This represents the most comprehensive expression data set of human T cell differentiation generated to date. Each time point displayed a distinct expression profile ( Fig. 2A and fig. S1 ), and appropriate differentiation of each subset was confirmed by measurement of signature gene expression in each subset by quantitative real-time polymerase chain reaction (qPCR) ( fig. S1 ) (9) . Having obtained a list of all predicted human TFs (n = 1750) from the animal transcription factor database (AnimalTFDB) (10), we identified TFs that were differentially expressed [t test limma BenjaminiHochberg false discovery rate (FDR) < 0.1] between subsets at 6 or 24 hours, hereafter referred to as upstream TFs (10) .
We next tested for enrichment for SNPs that were identified from published GWAS data, within TFs that were differentially expressed in the T helper subsets at different time points (see Supplementary Materials and Methods and table S1). We found that the only TF set with statistically significant enrichment for disease-associated SNPs, defined as those with a GWA of P < 1 × 10 Early TFs in T cell-associated diseases were identified by combining a GRN with GWAS data To prioritize upstream hub TFs for further investigation, we proceeded to construct the first large-scale T H 1/T H 2 GRN. This was constructed from the T H 1/T H 2 time series expression profiling data and predicted TFBSs (11), using the LASSO algorithm ( Fig. 1, step 3) (12) . In addition, we performed DNA methylation profiling of the same cells to exclude potential target genes whose upstream regulatory regions were methylated and therefore less likely to be regulated by the TFs (fig. S4 ). The resulting GRN consisted of 6112 predicted interactions from 378 TFs onto 1563 mRNA targets.
The distribution of the number of TF targets in the GRN was skewed such that a few hub TFs regulated a large number of genes (Fig. 2C) . Moreover, hub TFs containing at least one disease-associated SNP (GWAS TFs) had on average 3.7 times more targets than the non-GWAS TFs ( ). Remarkably, 10 GWAS TFs were among the 11 TFs with most targets (Fig. 2C) . To prioritize among those 10 GWAS TFs for further study, we repeated the analyses using all nominally associated disease SNPs (P < 1 × 10
−3
). We found that 3 TFs, namely, GATA3, MAF, and MYB, were associated with 91% of the disease SNPs among the 10 TFs identified above (OR = 9.22, bootstrap P = 6.6 × 10 −3 ; Fig. 2D and fig. S5 ). The T cell GWAS-GRN was validated by combining ChIP-seq, siRNA, and expression profiling To directly validate the GWAS-GRN, we performed ChIP of GATA3, MAF, and MYB in differentiated human T H 1 and T H 2 followed by massively parallel sequencing (ChIP-seq). These represent the first genome-wide maps of MYB and MAF binding in human cells. A minimum of 18 million aligned reads were generated per ChIP and matching control (Input) samples (Fig. 3A) . In complete agreement with their role as TFs, both MAF and MYB showed narrow and pronounced binding at the transcription start sites of genes (Fig. 3B ). This pattern was not observed in input samples. To further validate the accuracy of the ChIP assays, biological replicates of MYB and MAF ChIP-seq were performed in T H 1. Over 70% of peaks of MYB binding in replicate 1 were also present in replicate 2 (OR = 36.4, bootstrap P < 1 × 10
), whereas 79% of peaks of MAF binding identified in replicate 1 were also present in replicate 2 (OR = 39.9, bootstrap P < 1 × 10
), verifying the reproducibility of the ChIP-seq assays (Fig. 3C) ; OR MYB = 3.17, P MYB < 1 × 10
−27 ] for the GRN-predicted targets of the three TFs (Fig. 3, D to G) . This finding was also confirmed by comparisons with previously published independent GATA3 ChIP-seq data (13) (OR = 2.91, bootstrap P < 1 × 10
; fig. S18D ). We then tested if the GRN predictions that used both TFBS and time series data yielded higher overlap than those using only the predictions from TFBS source. Indeed, we found that the GRN predictions yielded generally significantly higher ChIP-seq overlap (average OR = 1.48, Fisher combined P < 1 × 10
; Supplementary Materials and Methods, Fig.  3 , E to G, fig. S6 , and table S12). In further support of the accuracy of the GRN, comparisons with siRNA-mediated knockdowns of GATA3 and MAF in T H 2, followed by expression profiling (14) , showed significant enrichment of GRN-predicted early targets both compared to all genes (OR GATA3 = 2.22, bootstrap P GATA3 = 2.9 × 10 −3 ; OR MAF = 3.45, P MAF = 4.5 × 10 GATA3, MAF, MYB, and their predicted targets were differentially expressed in T cell-associated diseases We next sought to determine the potential clinical relevance of GATA3, MAF, and MYB in T cell-associated diseases. First, pathway analysis of the predicted targets of the three TFs (GATA3, MAF, and MYB) revealed significant enrichment for several disease-relevant pathways, including cell activation and differentiation (tables S2 and S3). Significant enrichment for such terms was observed for both early and late targets of the three TFs (Fig. 4A) .
We directly tested if the three TFs and their predicted targets from the GRN were differentially expressed in disease using expression profiling data of CD4 + T cells from eight T cell-associated diseases (table  S4) , namely, RA [Gene Expression Omnibus (GEO) accession GSE4588], MS (15) , SLE (GEO accession GSE4588), HES (16), CLL (17) , ATL (18) , AML (19) , and SAR (20) . We found that the three TFs were differentially expressed in six of the diseases, and most of their predicted targets are in all eight diseases (Fig. 4B , figs. S16 and 17, and table S11). We also made similar observations in original expression profiling studies of CD4 + T cells from patients with malignant (breast cancer) and infectious diseases (tuberculosis and influenza) (Fig. 4B) .
Several disease-associated SNPs were in linkage disequilibrium with splice affecting regions ( The subsets derived from individual T cell subsets ("T H 1", "T H 2", "T H 17", and "T reg ") are based on the differentially expressed genes between the 6 and 24 hours within each cell polarization. The P values were calculated using Fisher's exact test relative to the background level (****P < 1.0 × 10
, ***P < 1.0 × 10
−6
). Color labeling denotes the number of disease associations for a gene. (C) Hub TFs with the highest number of targets were highly enriched for diseaseassociated SNPs identified by GWAS. Distribution (reverse cumulative) of the number of targets for each TF, divided into TFs that were GWAS (blue) and non-GWAS (red). The GWAS TFs had 12.6 mean number of targets (<k>), and the non-GWAS had 3.6 targets on average (P < 3.2 × 10
−12
). Gene names are displayed for the first 11 upstream TFs in T H 1/T H 2 differentiation. (D) GATA3, MAF, and MYB, which were differentially expressed in T H 1/T H 2, were most enriched for nominal disease-associated SNPs identified by GWAS (OR = 9.22, P = 0.0066). The black solid line represents the background level of all disease-associated genes.
these SNPs induced alternative splicing of the three TFs (table S1). Using RNA-seq data, we identified disease-associated SNPs that correlated with differential splicing (Fig. 4C and Supplementary Materials and Methods). Thus, in the next section, we characterized splice variant expression of GATA3, MAF, and MYB in two relapsing diseases.
Splice variants of GATA3, MAF, and MYB were differentially expressed in asymptomatic patients with SAR Although the overall goal of our research is the identification of early regulators of disease, direct detection of such regulators would require studies of numerous molecular layers, in numerous cells types, at numerous time points, in thousands of healthy individuals over many years. Instead, we used the asymptomatic stage of SAR as a proxy for the early disease state. SAR is an optimal model of relapsing diseases because it occurs at a defined time point each year and because of a known external trigger (14) . It is possible to model gene expression changes associated with asymptomatic and symptomatic stages by comparing in vitro allergen-challenged with unstimulated CD4 + T cells outside of the pollen season, when patients are asymptomatic. In this model system, we propose that unstimulated T cells can serve as a model of the early disease state, whereas allergen-challenged cells can be used to examine if their predicted targets change in expression during the symptomatic stage (Fig. 1, step 4) . We performed such analyses based on prospective clinical studies of 10 patients and 10 controls. In summary, exon profiling by microarray identified differential expression of splice variants of each of the three TFs in the early, asymptomatic stage (unstimulated T cells) and differential expression of their predicted targets in the symptomatic stage (allergenchallenged T cells) (figs. S7 and S8). Many of the differentially expressed splice variants of GATA3, MAF, and MYB have not been previously described in SAR. During the asymptomatic stage, MAF splice variant 2 (NM_001031804.2), GATA3 splice variant 1 (NM_001002295.1), and all measured splice variants of MYB were differentially expressed, of which variants 4 (NM_001161656.1) and 5 (NM_001161657.1) were most significant (Fig. 5A) . The microarray expression levels were validated by qPCR ( fig. S8 , A to C). The mean expression levels of these splice variants not only separated patients and controls with high accuracy [area under the precision recall curve (AUC-PR) = 0.83, P = 2.9 × 10 ChIP-seq analysis. The vertical axis represents the fraction of targets with a minimum ChIP-seq count using the inferred targets (upper black curve), the predicted TFBS (middle blue curve), and all genes (lower red curve). The inferred targets were enriched for ChIP-seq counts, and the mean ChIP-seq counts were highest for the inferred targets in genes (P GATA3 = 1.80 × 10
, OR GATA3 = 1.62; P MYB = 0.01, OR MYB = 1.29).
scores in patients during the pollen season (Pearson's correlation coefficient = 0.67, P = 0.019; Fig. 5B ). Furthermore, we replicated our findings in an independent material consisting of 14 patients and 6 controls, in which their mean expression levels also separated patients and controls with high accuracy ( Fig. 5C ; AUC-PR = 0.77, P = 0.039).
To dissect the roles of the variants, we measured the splice variants in T H 1/T H 2 differentiation by qPCR and analyzed the structure of the differences of corresponding proteins (figs. S9 and S10). We then aimed at functionally validating the disease relevance of the splice variants. siRNA mediated knockdown of MAF splice variant 2 followed by T H 2 polarization and exon array analysis (figs. S11 and S12, table S10). MAF splice variant 2 was chosen because it was the only variant for which we could design computationally predicted and experimentally verified siRNA. We showed that 65 of the predicted 103 targets of MAF were affected by MAF splice variant 2 siRNA (FDR < 0.1). These genes were also the MAF targets with the lowest P values in allergen-challenged T cells from SAR patients (bootstrap P < 1 × 10 −5
; fig. S13 and table S6).
A particular advantage of SAR as a disease model is that patients can be cured by specific immunotherapy, in which a small dose of allergen is repeatedly administered. We followed 14 patients before, during (after 1 year), and after 2 years of sublingual immunotherapy. We found that this therapy resulted in reversal of expression of the analyzed splice variants to levels observed in healthy controls. We found a marginal change in the patients during treatment compared to before, AUC-PR = 0.62 (P = 0.18), which became significant after the 2-year treatment, both compared to the expression before and during the treatment, AUC-PR = 0.85 (P < 2.9 × 10 ), respectively (Fig. 5C ).
GATA3, MAF, and MYB were associated with MS through enrichment of SNPs and target genes increased in expression during relapse qRT-PCR analysis of splice variants of GATA3, MAF, and MYB in MS in 10 unstimulated CD4 + T cell from MS patients in remission showed a significant decrease of GATA3 splice variant 2 (NM_002051.2) compared to 10 healthy controls (Wilcoxon test P = 0.019; Fig. 5D ). Further analysis of a prospective gene expression microarray study of MS patients seen both during relapse and remission using previously unpublished information about the disease status of the patients (15) (see Supplementary Materials and Methods description) showed a significant decrease of the GATA3 gene during remission compared to controls (t test limma P = 0.033), as well as a decrease in remission compared to relapse (paired t test limma P = 1.4 × 10 ), and significant differential expression of its predicted targets during relapse compared to controls (bootstrap P < 1 × 10
−12
). The predicted targets of MAF and MYB were also differentially expressed during relapse (P = 5.3 × 10 −3 and P = 1.6 × 10
, respectively). This led us to search for MS-associated genetic variants in these two TFs, as well as in GATA3. We analyzed original data from the MS consortium GWAS study of~25,000 patients and controls (21) . For MAF, MYB, and GATA3, we found significant SNPs (P MAF = 1.9 × 10 , P GATA3 = 6.6 × 10
−5
). Indeed, the three TFs were among the 1% most enriched for disease-associated SNPs (Fisher exact test P = 3 × 10
−6
). We further asked if the number of disease-associated SNPs correlated with disease severity in a cohort Exon eQTLs (P value) ** *** *** consisting of 2085 patients for whom previously unpublished data about disease severity was available (21) . We found a marginal (7.1%), but statistically robust, enrichment (bootstrap P = 0.015) of SNPs among the patients with severe disease (see Supplementary Materials and Methods for details).
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DISCUSSION
The identification of early disease regulators is important to understand disease mechanisms, as well as to find candidates for early diagnosis and treatment. Here, we characterized changes in expression and DNA methylation in CD4 + T cells at multiple time points during differentiation into four T H subsets. This is the most detailed and large-scale study of transcription dynamics during human T cell differentiation to date and an ideal system in which to generate and test GRNs. We present an analytical strategy to identify early TFs in T cell-associated diseases using the GRN of T cell differentiation in combination with GWAS data. Briefly, the strategy identified three early hub TFs, GATA3, MAF and MYB, which were highly enriched for diseaseassociated polymorphisms. Both the TFs and their predicted targets were differentially expressed in T cells from patients with symptomatic T cell-associated diseases. Exon profiling showed that splice variants of these TFs were differentially expressed during asymptomatic stages of MS and SAR, and their predicted targets during symptomatic stages. The results were validated in independent materials, as well as by ChIP-seq and siRNA knockdowns. As further discussed below, we propose that the analytical strategy and our data can be used to systematically identify early regulators of disease. Limitations of the study include that we only focused on TFs as early regulators. As discussed below, other types of regulators may also have pathogenic and diagnostic relevance. The construction of a TF-based GRN may be confounded by variable knowledge about which genes are regulated by different TFs. Another important limitation is that the identification of early regulators of complex disease should ideally be based on long-term prospective studies of very large cohorts, similar to the one referred to in the Introduction (1). As a proxy for early disease, we instead performed clinical studies of two relapsing diseases, MS and SAR. The rationale was that the asymptomatic stages of the two diseases would serve as models of early, presymptomatic stages. Using exon profiling and qPCR in SAR and MS, respectively, we revealed differential expression of splice variants of GATA3, MAF, and MYB that had not been previously described in either disease. Crystallographic and computational studies indicate that the splice variants may affect DNA binding ( fig. S10 shows structures) . Knockdown studies of MAF variant 2, followed by expression profiling, revealed a significant overlap with differentially expressed genes in the symptomatic stage of T cells from patients with SAR. Moreover, in combination, splice variants separated patients from controls with high accuracy and correlated with patient symptom scores. Our findings are consistent with the increasingly recognized importance of splice variants in diseases such as RA (22) , nephropathy (23) , and MS. From a diagnostic perspective, our findings highlight the importance
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of searching for combinations of different types of variables. For example, our analyses of large-scale GWAS of MS showed highly significant enrichment of disease-associated SNPs in the three TFs, which in combination were associated with disease severity. From the perspective of predictive and preventative medicine, these findings suggest an important direction for future research: to examine if combinations of different variables, such as splice variants and SNPs, can be used to predict specific diseases (24) . The specificity might be increased by extending the GRN to include other potential early genetic or epigenetic regulators, like signaling molecules, noncoding RNAs, or histone modifiers, all of which can be prioritized on the basis of their number of predicted targets and GWAS. The power of combining disease-associated data from different genomic layers has recently been described (25) . T cells may be ideal for such studies because they constantly patrol all parts of the body. They are, either primarily or secondarily, involved in allergic, autoimmune, infectious, or malignant diseases. From a translational perspective, early regulators and their targets in T cells could therefore have substantial diagnostic and therapeutic potential. Moreover, our strategy can be applied to any disease where the affected cell type is known and for which a GRN can be constructed. For example, a GRN can potentially be inferred on the basis of in vitro derivation of epithelial cells and validated by functional experiments in primary or transformed epithelial cell lines. Potential early regulators can be identified on the basis of the prioritization principles described above and examined in epithelial cells from patients with, or at risk for, dermatological diseases, like eczema or psoriasis. From a clinical perspective, identification of early regulators, or their downstream targets, whose protein products can be measured in body fluids, would be optimal. If so, combinations of proteins that reflect different organs and diseases could be repeatedly monitored or used for differential diagnosis of identified disease processes.
In summary, we propose that our strategy and GRN can be applied to identify early regulators in T cell-associated diseases and have made the GRN and analytical tools available for this purpose. Moreover, further studies are warranted to test if the principles are generally applicable to other cell types and diseases.
MATERIALS AND METHODS
Study design
The overall objective of this study was to identify early regulators of T cell-associated diseases by identifying upstream TFs in T cell differentiation and by prioritizing hub TFs that were enriched for diseaseassociated polymorphisms. Upstream TFs were identified by constructing a GRN of T cell differentiation based on time series profiling of the transcriptomes and methylomes of human CD4 + T cells during in vitro differentiation into four T H lineages, in combination with sequencebased TF binding predictions. The GRN was validated by ChIP-seq and siRNA knockdowns. The TFs were validated by differential mRNA expression of the TFs and their targets in active states of several T cellassociated diseases. To directly test if the TFs were altered early in disease, T cells from patients with two T cell-mediated diseases, MS and SAR, were analyzed during asymptomatic and symptomatic stages of both diseases. Sample sizes were determined on the basis of our previous studies (26) and replicated in independent studies of MS and SAR, as detailed below. The analyses were not blinded nor randomized. All studies were approved by the ethics board of the Universities of Gothenburg, Lima, and Linköping.
Statistical analysis
Gene expression microarray data were quantile-normalized, and differentially expressed genes were for time series data determined using maSigPro (27) , and for comparisons between two states by using t test from the LIMMA package in R, with 10% FDR according to the BenjaminiHochberg method (P < 0.05). The P values for qPCR were calculated using one-sided nonparametric Wilcoxon test. In several instances, we tested the enrichment of low P values within a set of genes (for example, target genes of a TF). This was performed using a bootstrap test on the average log 10 P value of the target set, where P values were estimated from 1 × 10 6 randomizations using (28) . For set enrichment analysis (for example, GWAS genes), P values were calculated using one-sided Fisher exact test using all genes as background (n = 22,500).
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